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Abstract

Fastandhigh-qualitydocumentclusteringalgorithmsplayanimportantrole in providing intuitivenavigationand
browsing mechanismsby organizinglarge amountsof informationinto a small numberof meaningfulclusters. In
particular, hierarchicalclusteringsolutionsprovide a view of thedataat differentlevelsof granularity, makingthem
idealfor peopleto visualizeandinteractively explorelargedocumentcollections.

Thefocusof thispaperis to evaluatedifferenthierarchicalclusteringalgorithmsandtowardthisgoalwecompared
variouspartitionalandagglomerative approaches.Our experimentalevaluationshowed that partitionalalgorithms
alwaysleadto betterclusteringsolutionsthanagglomerative algorithms,which suggeststhat partitionalclustering
algorithmsarewell-suitedfor clusteringlargedocumentdatasetsdueto not only their relatively low computational
requirements,but alsocomparableor evenbetterclusteringperformance.

We alsopresenta new classof clusteringalgorithmscalledconstrainedagglomerativealgorithmsthatcombine
thefeaturesof bothpartitionalandagglomerativealgorithms.Ourexperimentalresultsshowedthatthey consistently
leadto betterhierarchicalsolutionsthanagglomerativeor partitionalalgorithmsalone.

1 Introduction
Hierarchicalclusteringsolutions,whicharein theform of treescalleddendrograms, areof greatinterestfor anumber
of applicationdomains.Hierarchicaltreesprovideaview of thedataatdifferentlevelsof abstraction.Theconsistency
of clusteringsolutionsat different levels of granularityallows flat partitionsof differentgranularityto be extracted
during dataanalysis,making them ideal for interactive explorationandvisualization. In addition, thereare many
timeswhenclustershave subclusters,andthehierarchicalstructureareindeeda naturalconstrainon theunderlying
applicationdomain(e.g., biologicaltaxonomy, phylogenetictrees)[9].

Hierarchicalclusteringsolutionshavebeenprimarily obtainedusingagglomerativealgorithms[27, 19, 10, 11,18],
in which objectsare initially assignedto its own clusterand thenpairsof clustersare repeatedlymergeduntil the
wholetreeis formed.However, partitionalalgorithms[22, 16, 24,5, 33, 13,29, 4, 8] canalsobeusedto obtainhierar-
chicalclusteringsolutionsvia a sequence ofrepeatedbisections.In recentyears,variousresearchershave recognized
thatpartitionalclusteringalgorithmsarewell-suitedfor clusteringlargedocumentdatasetsdueto their relatively low
computationalrequirements[6, 20, 1, 28]. However, thereis the commonbelief that in termsof clusteringquality,
partitionalalgorithmsareactuallyinferior andlesseffectivethantheiragglomerativecounterparts.Thisbelief is based
bothon experimentswith low dimensionaldatasetsaswell was asa limited numberof studiesin which agglomera-
tive approachesoutperformedpartitionalK -meansbasedapproaches.For example,Larsen[20] observedthatgroup
averagegreedyagglomerative clusteringoutperformedvariouspartitionalclusteringalgorithmsin documentdatasets
from TRECandReuters.

In light of recentadvancesin partitionalclustering[6, 20, 7, 4, 8], we revisited the questionof whetheror not
agglomerative approachesgeneratesuperiorhierarchicaltreesthanpartitionalapproaches.Thefocusof this paperis
to comparevariousagglomerativeandpartitionalapproachesfor thetaskof obtaininghierarchicalclusteringsolution.
Thepartitionalmethodsthatwe comparedusedifferentclusteringcriterion functionsto derive thesolutionsandthe
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agglomerativemethodsusedifferentschemesfor selectingthepair ofclustersto merge next. For partitionalclustering
algorithms,we usedsix recentlystudiedcriterion functions[34] that have beenshown to producehigh-qualitypar-
titional clusteringsolutions.For agglomerative clusteringalgorithms,we evaluatedthreetraditionalmerging criteria
(i.e., single-link,complete-link,andgroupaverage(UPGMA)) anda new setof merging criteriaderivedfrom thesix
partitionalcriterionfunctions.Overall,wecomparedsix partitionalmethodsandnineagglomerativemethods.

In additionto thetraditional partitionalandagglomerative algorithms,we developeda new classof agglomerative
algorithms,in which we introducedintermediateclustersobtainedby partitionalclusteringalgorithmsto constrain
thespaceover which agglomerationdecisionsaremade.We refer to themasconstrainedagglomerativealgorithms.
Thesealgorithmsgeneratehierarchicaltreesin two steps.First, for eachof the intermediatepartitionalclusters,an
agglomerativealgorithmbuildsahierarchicalsubtree.Second,thesubtreesarecombinedinto asingletreeby building
anuppertreeusingthesesubtreesasleaves.

We experimentallyevaluatedthe performanceof thesemethodsto obtainhierarchicalclusteringsolutionsusing
twelve differentdatasetsderived from varioussources.Our experimentsshowed that partitionalalgorithmsalways
generatebetterhierarchicalclusteringsolutionsthanagglomerativealgorithmsandthattheconstrainedagglomerative
methodsconsistentlyleadto bettersolutionsthanagglomerative methodsaloneandin mostcasesthey outperform
partitionalmethodsaswell. Webelieve thattheobservedpoorperformanceof agglomerativealgorithmsis becauseof
theerrorsthey makeduringearlyagglomeration.Thesuperiorityof partitionalalgorithmalsosuggeststhatpartitional
clusteringalgorithmsarewell-suitedfor obtaininghierarchicalclusteringsolutionsof largedocumentdatasetsdueto
not only their relatively low computationalrequirements,but alsocomparableor betterperformance.

The restof this paperis organizedasfollows. Section2 providessomeinformationon how documentsarerep-
resentedandhow the similarity or distancebetweendocumentsis computed.Section3 describesdifferentcriterion
functionsaswell ascriterionfunctionoptimizationof hierarchicalpartitionalalgorithms.Section4 describesvarious
agglomerativealgorithmsandtheconstrainedagglomerativealgorithms.Section5 providesthedetailedexperimental
evaluationof thevarioushierarchicalclusteringmethodsaswell astheexperimentalresultsof theconstrainedagglom-
erative algorithms.Section6 discussessomeimportantobservationsfrom theexperimentalresults.Finally, Section7
providessomeconcludingremarks.

2 Preliminaries
Through-outthispaperwewill usethesymbolsn, m, andk to denotethenumberof documents,thenumberof terms,
andthenumberof clusters,respectively. We will usethesymbolS to denotethesetof n documentsthatwe want to
cluster, S1 � S2 �������	� Sk to denoteeachoneof thek clusters,andn1 � n2 �������
� nk to denotethesizesof thecorresponding
clusters.

Thevariousclusteringalgorithmsthataredescribedin thispaperusethevector-spacemodel[26] to representeach
document.In this model,eachdocumentd is consideredto bea vectorin theterm-space.In particular, we employed
thet f � i d f termweightingmodel,in whicheachdocumentcanberepresentedas

�
tf1 log

�
n
 df1 � � tf2 log

�
n
 df2 � �������	� tfm log

�
n
 dfm ��� �

wheretfi is thefrequency of thei th termin thedocumentanddfi is thenumberof documentsthatcontainthei th term.
To accountfor documentsof differentlengths,the lengthof eachdocumentvectoris normalizedso that it is of unit
length( � dtfidf ��� 1), thatis eachdocumentis avectorin theunit hypersphere.In therestof thepaper, wewill assume
that thevectorrepresentationfor eachdocumenthasbeenweightedusingtf-idf andit hasbeennormalizedso that it
is of unit length.Givena setA of documentsandtheir correspondingvectorrepresentations,wedefinethecomposite
vectorDA to be DA � d � A d, andthecentroid vectorCA to beCA � DA�

A
� .

In the vector-spacemodel, the cosinesimilarity is the most commonlyusedmethodto computethe similarity

betweentwo documentsdi and d j , which is definedto be cos
�
di � d j � � di

t d j� di ��� d j � . The cosineformula can be

simplified to cos
�
di � d j � � di

td j , whenthe documentvectorsareof unit length. This measurebecomesoneif the
documentsareidentical,andzeroif thereis nothingin commonbetweenthem(i.e., thevectorsareorthogonalto each
other).

Vector Properties By using the cosinefunction as the measureof similarity betweendocumentswe can take
advantageof anumberof propertiesinvolving thecompositeandcentroidvectorsof asetof documents.In particular,
if Si andSj aretwo setsof unit-lengthdocumentscontainingni andn j documentsrespectively, andDi , D j andCi ,
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C j aretheir correspondingcompositeandcentroidvectorsthenthefollowing is true:

1. Thesumof thepair-wisesimilaritiesbetweenthedocumentsin Si andthedocumentin Sj is equalto Di
t D j .

Thatis,

dq � Di � dr � D j

cos
�
dq � dr � �

dq � Di � dr � D j

dq
tdr � Di

t D j � (1)

2. Thesumof thepair-wisesimilaritiesbetweenthedocumentsin Si is equalto � Di � 2. Thatis,

dq � dr � Di

cos
�
dq � dr � �

dq � dr � Di

dq
tdr � Di

t Di ��� Di � 2 � (2)

Notethatthisequationincludesthepairwisesimilaritiesinvolving thesamepairsof vectors.

3 Hierarchical Partitional Clustering Algorithm
Partitional clusteringalgorithmscanbe usedto computea hierarchicalclusteringsolutionusinga repeatedcluster
bisectioningapproach[28, 34]. In this approach,all thedocumentsareinitially partitionedinto two clusters.Then,
oneof theseclusterscontainingmorethanonedocumentis selectedandis furtherbisected.This processcontinues
n � 1 times,leadingto n leaf clusters,eachcontaininga singledocument.It is easyto seethat this approachbuilds
thehierarchicalagglomerative treefrom top (i.e., singleall-inclusive cluster)to bottom(eachdocumentis in its own
cluster).In therestof this sectionwe describethevariousaspectsof thepartitionalclusteringalgorithmthatwe used
in ourstudy.

3.1 Clustering Criterion Functions

A key characteristicof mostpartitionalclusteringalgorithmsis that they usea globalcriterion functionwhoseopti-
mizationdrivestheentireclusteringprocess.For thosepartitionalclusteringalgorithms,the clusteringproblemcan
bestatedascomputingaclusteringsolutionsuchthatthevalueof aparticularcriterionfunctionis optimized.

Theclusteringcriterion functionsthatwe usedin our studycanbeclassifiedinto four groups:internal,external,
hybrid andgraph-based.The internal criterion functionsfocuson producinga clusteringsolutionthat optimizesa
function definedonly over the documentsof eachclusteranddoesnot take into accountthe documentsassignedto
differentclusters.Theexternal criterionfunctionsderive theclusteringsolutionby focusingon optimizinga function
thatis basedon how thevariousclustersaredifferentfrom eachother. Thegraph based criterionfunctionsmodelthe
documentsasa graphanduseclusteringquality measuresdefinedin thegraphmodel.Thehybrid criterionfunctions
simultaneouslyoptimizemultiple individual criterionfunctions.

Internal Criterion Functions The first internalcriterion function maximizesthe sumof the averagepairwise
similaritiesbetweenthedocumentsassignedto eachcluster, weightedaccordingto thesize ofeachcluster. Specifi-
cally, if weusethecosinefunctionto measurethesimilarity betweendocuments,thenwewant theclusteringsolution
to optimizethefollowing criterionfunction:

maximize � 1 �
k

r � 1

nr
1

n2
r di � d j � Sr

cos
�
di � d j � �

k

r � 1

� Dr � 2

nr
� (3)

Thesecondcriterion function is usedby thepopularvector-spacevariantof the K -meansalgorithm[6, 20, 7, 28,
17]. In this algorithmeachclusteris representedby its centroidvectorandthegoal is to find theclusteringsolution
thatmaximizesthesimilarity betweeneachdocumentandthecentroidof theclusterthat is assignedto. Specifically,
if we usethecosinefunctionto measurethesimilarity betweenadocumentanda centroid,thenthecriterionfunction
becomesthefollowing:

maximize � 2 �
k

r � 1 di � Sr

cos
�
di � Cr � � �

k

r � 1 di � Sr

di
tCr

� Cr � �
k

r � 1

Dr
tCr

� Cr � �
k

r � 1

Dr
t Dr

� Dr � �
k

r � 1

� Dr � � (4)
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Comparingthe � 2 criterionfunctionwith � 1 wecanseethattheessentialdifferencebetweenthesecriterionfunctions
is that � 2 scalesthewithin-clustersimilarity by the � Dr � termasopposedto nr termusedby � 1. The term � Dr � is
nothingmorethanthesquare-rootof thepairwisesimilarity betweenall thedocumentin Sr , andwill tendto emphasize
theimportanceof clusters(beyondthe � Dr � 2 term)whosedocumentshavesmallerpairwisesimilaritiescomparedto
clusterswith higherpair-wisesimilarities.Also notethatif thesimilarity betweenadocumentandthecentroidvector
of its clusteris definedasjust thedot-productof thesevectors,thenwewill getbackthe � 1 criterionfunction.

External Criterion Functions It is quitehardto defineexternalcriterionfunctionsthatleadto meaningfulclus-
teringsolutions.For example,it mayappearthatan intuitive externalfunctionmaybederivedby requiringthat the
centroidvectorsof thedifferentclustersareasmutuallyorthogonalaspossible,i.e., they containdocumentsthatshare
very few termsacrossthedifferentclusters.However, for many problemsthis criterion functionhastrivial solutions
that canbe achieved by assigningto the first k � 1 clustersa singledocumentthat sharesvery few termswith the
rest,andthenassigningthe restof the documentsto the kth cluster. For this reason,the external function that we
will discusstries to separatethe documentsof eachclusterfrom the entirecollection,asopposedtrying to separate
thedocumentsamongthedifferentclusters.This externalcriterion functionwasmotivatedby multiple discriminant
analysisandis similar to minimizing thetraceof thebetween-clusterscattermatrix [9, 30].

In particular, ourexternalcriterionfunctionis definedas

minimize
k

r � 1

nr cos
�
Cr � C � � (5)

whereC is the centroidvectorof the entirecollection. From this equationwe canseethat we try to minimize the
cosinebetweenthecentroidvectorof eachclusterto thecentroidvectorof theentirecollection. By minimizing the
cosinewe essentiallytry to increasetheanglebetweenthemasmuchaspossible.Also notethat thecontribution of
eachclusteris weightedbasedon theclustersize,so that largerclusterswill weightheavier in theoverall clustering
solution.Equation5 canbere-writtenas

k

r � 1

nr cos
�
Cr � C � �

k

r � 1

nr
Cr

tC

� Cr ��� C � �
k

r � 1

nr
Dr

t D

� Dr ��� D � �
1

� D �
k

r � 1

nr
Dr

t D

� Dr � �

whereD is thecompositevectorof theentiredocumentcollection.Notethatsince1
�� D � is constantirrespective of
theclusteringsolutionthecriterionfunctioncanbere-statedas:

minimize � 1 �
k

r � 1

nr
Dr

t D

� Dr � � (6)

As wecanseefrom Equation6,even-thoughourinitial motivationwasto defineanexternalcriterionfunction,because
we usedthe cosinefunction to measurethe separationbetweenthe clusterand the entire collection, the criterion
function doestake into accountthe within-clustersimilarity of the documents(dueto the � Dr � term). Thus, � 1 is
actuallyahybrid criterionfunctionthatcombinesbothexternalandinternalcharacteristicsof theclusters.

Hybrid Criterion Functions In our study, we will focuson two hybrid criterion function that areobtainedby
combiningcriterion � 1 with � 1, and� 2 with � 1, respectively. Formally, thefirst criterionfunctionis

maximize � 1 � � 1

� 1
�

k
r � 1 � Dr � 2 
 nr

k
r � 1 nr Dr

t D 
�� Dr � �
(7)

andthesecondis

maximize � 2 � � 2

� 1
�

k
r � 1 � Dr �

k
r � 1 nr Dr

t D 
�� Dr � �
(8)

Notethatsince� 1 is minimized,both � 1 and � 2 needto bemaximizedasthey areinverselyrelatedto � 1.
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Graph Based Criterion Functions An alternateway of viewing the relationsbetweenthe documentsis to
usesimilarity graphs. Given a collectionof n documentsS, the similarity graphGs is obtainedby modelingeach
documentasavertex, andhaving anedgebetweeneachpair ofverticeswhoseweightis equalto thesimilarity between
the correspondingdocuments.Viewing the documentsin this fashion,a numberof internal,external,or combined
criterionfunctionscanbedefinedthatmeasuretheoverallclusteringquality. In ourstudywewill investigateonesuch
criterionfunctioncalledMinMaxCut,thatwasproposedrecently[8]. MinMaxCut fallsunderthecategoryof criterion
functionsthatcombineboththeinternalandexternalviewsof theclusteringprocessandis definedas[8]

minimize
k

r � 1

cut
�
Sr � S � Sr �

di � d j � Sr
sim

�
di � d j � �

wherecut
�
Sr � S � Sr � is theedge-cutbetweentheverticesin Sr to therestof theverticesin thegraphS � Sr . Theedge-

cut betweentwo setsof verticesA andB is definedto bethesumof theedgesconnectingverticesin A to verticesin
B. Themotivationbehindthiscriterionfunctionis thattheclusteringprocesscanbeviewedasthatof partitioningthe
documentsinto groupsby minimizing theedge-cutof eachpartition. However, for reasonssimilar to thosediscussed
in Section3.1,suchanexternalcriterionmayhave trivial solutions,andfor this reasoneachedge-cutis scaledby the
sumof theinternaledges.As shown in [8], thisscalingleadsto betterbalancedclusteringsolutions.

If we usethe cosinefunction to measurethe similarity betweenthe documents,andEquations1 and2, thenthe
abovecriterionfunctioncanbere-writtenas

k

r � 1

di � Sr � d j � S� Sr
cos

�
di � d j �

di � d j � Sr
cos

�
di � d j � �

k

r � 1

Dr
t � D � Dr �
� Dr � 2

�
k

r � 1

Dr
t D

� Dr � 2
� k �

andsincek is constant,thecriterionfunctioncanbesimplifiedto

minimize � 1 �
k

r � 1

Dr
t D

� Dr � 2 � (9)

3.2 Criterion Function Optimization

Our partitionalalgorithmusesan approachinspiredby the K -meansalgorithmto optimizeeachoneof the above
criterionfunctions,andis similar to thatusedin [28, 34]. Thedetailsof this algorithmareprovidedin theremaining
of thissection.

Initially, arandompair ofdocumentsis selectedfrom thecollectionto actastheseedsof thetwo clusters.Then,for
eachdocument,its similarity to thesetwo seedsis computed,andit is assignedto theclustercorrespondingto its most
similar seed.This formstheinitial two-way clustering.This clusteringis thenrepeatedlyrefinedsothat it optimizes
thedesiredclusteringcriterionfunction.

The refinementstrategy that we usedconsistsof a numberof iterations. During eachiteration, the documents
arevisited in a randomorder. For eachdocument,di , we computethe changein the valueof the criterion function
obtainedby moving di to oneof theotherk � 1 clusters.If thereexist somemovesthatleadto animprovementin the
overallvalueof thecriterionfunction,thendi is movedto theclusterthatleadsto thehighestimprovement.If nosuch
clusterexists,di remainsin theclusterthat it alreadybelongsto. Therefinementphaseends,assoonaswe perform
aniterationin whichnodocumentsmovedbetweenclusters.Notethatunlike thetraditionalrefinementapproachused
by K -meanstypeof algorithms,theabovealgorithmmovesa documentassoonasit is determinedthatit will leadto
animprovementin thevalueof thecriterionfunction.This typeof refinementalgorithmsareoftencalledincremental
[9]. Sinceeachmove directly optimizestheparticularcriterionfunction,this refinementstrategy alwaysconvergesto
a local minima. Furthermore,becausethevariouscriterion functionsthatusethis refinementstrategy aredefinedin
termsof clustercompositeandcentroidvectors,thechangein thevalueof thecriterionfunctionsasa resultof single
documentmovescanbecomputedefficiently.

Thegreedynatureof therefinementalgorithmdoesnot guaranteethatit will convergeto a globalminima,andthe
local minimasolutionit obtainsdependson theparticularsetof seeddocumentsthatwereselectedduring theinitial
clustering.To eliminatesomeof thissensitivity, theoverallprocessis repeatedanumberof times.Thatis,wecompute
N differentclusteringsolutions(i.e., initial clusteringfollowedby clusterrefinement),andtheonethatachievesthe
bestvaluefor theparticularcriterionfunctionis kept. In all of our experiments,we usedN � 10. For therestof this

5



discussionwhenwe refer to theclusteringsolutionwe will meanthesolutionthatwasobtainedby selectingthebest
out of theseN potentiallydifferentsolutions.

3.3 Cluster Selection

We experimentedwith two differentmethodsfor selectingwhich clusterto bisectnext. The first methodusesthe
simplestrategy of bisectingthelargestclusteravailableat thatpoint of theclusteringsolution.Our earlierexperience
with this approachshowed that it leadsto reasonablygoodandbalancedclusteringsolutions[28, 34]. However, its
limitation is that it cannotgracefullyoperatein datasetsin which thenaturalclustersareof differentsizes,asit will
tendto partition thoselargerclustersfirst. To overcomethis problemandobtainmorenaturalhierarchicalsolutions,
we developeda methodthat amongthe currentk clusters,selectsthe clusterwhich leadsto the k � 1 clustering
solutionthatoptimizesthevalueof theparticularcriterionfunction(amongthedifferentk choices).Our experiments
showedthatthis approachperformssomewhatbetterthanthepreviousscheme,andis themethodthatwe usedin the
experimentspresentedin Section5.

3.4 Computational Complexity

Oneof theadvantagesof ourpartitionalalgorithmandthatof othersimilarpartitionalalgorithms,is thatit hasrelatively
low computationalrequirements.A two-clusteringof asetof documentscanbecomputedin timelinearonthenumber
of documents,asin mostcasesthenumberof iterationsrequiredfor thegreedyrefinementalgorithmis small(lessthan
20),andareto a largeextendindependenton thenumberof documents.Now if we assumethatduringeachbisection
step,the resultingclustersarereasonablybalanced(i.e., eachclustercontainsa fraction of the original documents),
thentheoverall amountof time requiredto computeall n � 1 bisectionsis O

�
n logn� .

4 Hierarchical Agglomerative Clustering Algorithm
Unlike thepartitionalalgorithmsthatbuild thehierarchicalsolutionfor top to bottom,agglomerativealgorithmsbuild
the solutionby initially assigningeachdocumentto its own clusterandthenrepeatedlyselectingandmerging pairs
of clusters,to obtaina singleall-inclusive cluster. Thus,agglomerative algorithmsbuild thetreefrom bottom(i.e., its
leaves)towardthetop (i.e., root).

4.1 Cluster Selection Schemes

Thekey parameterin agglomerative algorithmsis themethodusedto determinethepairsof clustersto bemergedat
eachstep. In mostagglomerative algorithms,this is accomplishedby selectingthemostsimilar pair of clusters,and
numerousapproacheshave beendevelopedfor computingthesimilarity betweentwo clusters[27,19, 16, 10, 11,18].
In ourstudyweusedthesingle-link,complete-link,andUPGMA schemes,aswell as,thevariouspartitionalcriterion
functionsdescribedin Section3.1.

Thesingle-link[27] schememeasuresthesimilarity of two clustersby themaximumsimilarity betweenthedocu-
mentsfrom eachcluster. Thatis, thesimilarity betweentwo clustersSi andSj is givenby

simsingle-link
�
Si � Sj � � max

di � Si � d j � Sj

�
cos

�
di � d j � � � (10)

In contrast,thecomplete-linkscheme[19] usestheminimumsimilarity betweena pair of documentsto measurethe
samesimilarity. Thatis,

simcomplete-link
�
Si � Sj � � min

di � Si � d j � Sj

�
cos

�
di � d j � � � (11)

In general,both the single-andthe complete-linkapproachesdo not work very well becausethey eitherbasetheir
decisionson limited amountof information(single-link),or they assumethatall thedocumentsin theclusterarevery
similar to eachother(complete-linkapproach).TheUPGMA scheme[16] (alsoknown asgroupaverage)overcomes
theseproblemsby measuringthesimilarity of two clustersastheaverageof thepairwisesimilarity of thedocuments
from eachcluster. Thatis,

simUPGMA
�
Si � Sj � � 1

ni n j di � Si � d j � Sj

cos
�
di � d j � � Di

t D j

ni n j
� (12)
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Thepartitionalcriterionfunctions,describedin Section3.1,canbeconvertedinto clusterselectionschemesfor ag-
glomerativeclusteringusingthegeneralframework of stepwiseoptimization[9], asfollows. Considerann-document
datasetandtheclusteringsolutionthathasbeencomputedafterperformingl mergingsteps.Thissolutionwill contain
exactly n � l clusters,aseachmerging stepreducesthe numberof clustersby one. Now, given this

�
n � l � -way

clusteringsolution,thepair of clustersthat is selectedto bemergednext, is theonethat leadsto an
�
n � l � 1� -way

solutionthatoptimizestheparticularcriterionfunction.Thatis, eachoneof the
�
n � l �! �

n � l � 1� 
 2 pairsof possible
mergesis evaluated,andtheonethat leadsto a clusteringsolutionthathasthemaximum(or minimum)valueof the
particularcriterionfunctionis selected.Thus,thecriterionfunctionis locally optimizedwithin theparticularstageof
theagglomerativealgorithm.This processcontinuesuntil theentireagglomerative treehasbeenobtained.

4.2 Computational Complexity

Therearetwo maincomputationallyexpensive stepsin agglomerative clustering.Thefirst stepis thecomputationof
the pairwisesimilarity betweenall the documentsin the dataset. The complexity of this stepis, in general,O

�
n2 �

becausetheaveragenumberof termsin eachdocumentis smallandindependentof n.
Thesecondstepis therepeatedselectionof thepair ofmostsimilarclustersor thepair ofclustersthatbestoptimizes

the criterion function. A naive way of performingthat is to recomputethe gainsachieved by merging eachpair of
clustersaftereachlevel of theagglomeration,andselectthemostpromisingpair. During the l th agglomerationstep,
thiswill requireO

���
n � l � 2 � time, leadingto anoverall complexity of O

�
n3 � . Fortunately, thecomplexity of this step

canbereducedfor single-link,complete-link,UPGMA, � 1, � 2, � 1, and � 1. This is becausethepair-wisesimilaritiesor
theimprovementsin thevalueof thecriterionfunctionachievedby mergingapair of clustersi and j doesnotchange
during the differentagglomerative steps,aslong as i or j is not selectedto be merged. Consequently, the different
similaritiesor gainsin thevalueof thecriterionfunctioncanbecomputedoncefor eachpair of clustersandinserted
into apriority queue.As apair ofclustersi and j is selectedto bemergedto form clusterp, thenthepriority queueis
updatedsothatany gainscorrespondingto clusterpairsinvolving eitheri or j areremoved,andthegainsof merging
therestof theclusterswith thenewly formedclusterp areinserted.During the l th agglomerationstep,that involves
O
�
n � l � priority queuedeleteandinsertoperations.If thepriority queueis implementedusingabinaryheap,thetotal

complexity of theseoperationsis O
�"�

n � l � log
�
n � l ��� , andtheoverallcomplexity over then � 1 agglomerationsteps

is O
�
n2 logn� .

Unfortunately, the original complexity of O
�
n3 � of the naive approachcannotbe reducedfor the � 1 and � 2

criterionfunctions,becausetheimprovementin theoverallvalueof thecriterionfunctionwhenapair ofclustersi and
j is mergedtendsto bechangedfor all pairsof clusters.As a result,they cannotbepre-computedandinsertedinto a
priority queue.

4.3 Constrained Agglomerative Clustering

Oneof the advantagesof partitionalclusteringalgorithmsis that they useinformationaboutthe entirecollectionof
documentswhenthey partitionthedatasetinto acertainnumberof clusters.Ontheotherhand,theclusteringdecisions
madeby agglomerative algorithmsarelocal in nature.This hasboth its advantagesaswell asits disadvantages.The
advantageis that it is easyfor themto grouptogetherdocumentsthat form smallandreasonablycohesive clusters,a
taskin which partitionalalgorithmsmayfail asthey maysplit suchdocumentsacrossclusterboundariesearlyduring
thepartitionalclusteringprocess(especiallywhenclusteringlargecollections).However, their disadvantageis that if
thedocumentsarenotpart ofparticularlycohesivegroups,thentheinitial mergingdecisionsmaycontainsomeerrors,
which will tendto bemultiplied astheagglomerationprogresses.This is especiallytruefor thecasesin which there
area largenumberof equallygoodmerging alternativesfor eachcluster.

Onewayof improving agglomerativeclusteringalgorithmsby eliminatingthis typeof errors,is to useapartitional
clusteringalgorithmto constrainthespaceoverwhichagglomerationdecisionsaremade,sothateachdocumentis only
allowedto mergewith otherdocumentsthatarepart of thesamepartitionallydiscoveredcluster. In this approach,a
partitionalclusteringalgorithmis usedto computeak-wayclusteringsolution.Then,eachof theseclustersis treatedas
aseparatecollectionandanagglomerativealgorithmis usedto build atreefor eachoneof them.Finally, thek different
treesarecombinedinto a singletreeby merging themusinganagglomerative algorithmthat treatsthedocumentsof
eachsubtreeasa clusterthathasalreadybeenformedduringagglomeration.Theadvantageof this approachis that
it is ableto benefitfrom the global view of the collectionusedby partitionalalgorithmsandthe local view usedby
agglomerative algorithms.An additionaladvantageis that thecomputationalcomplexity of constrainedclusteringis
O
�
k
��� n

k � 2 log
� n

k ��� � k2 logk � , wherek is thenumberof intermediatepartitionalclusters.If k is reasonablylarge,e.g.,
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k equals# n, theoriginal complexity of O
�
n2 logn� for agglomerativealgorithmsis reducedto O

�
n2$ 3 logn� .

5 Experimental Results
We experimentallyevaluatedtheperformanceof thevariousclusteringmethodsto obtainhierarchicalsolutionsusing
a numberof differentdatasets.In the restof this sectionwe first describethevariousdatasetsandour experimental
methodology, followedby adescriptionof theexperimentalresults.Thedatasetsaswell asthevariousalgorithmsare
availablein theCLUTO clusteringtoolkit, whichcanbedownloadedfrom http://www.cs.umn.edu/˜karypis/cluto.

5.1 Document Collections

In our experiments,we useda total of twelve different datasets,whosegeneralcharacteristicsare summarizedin
Table 1. The smallestof thesedatasetscontained878 documentsand the largestcontained4,069documents.To
ensurediversity in the datasets,we obtainedthem from different sources. For all datasets,we useda stop-list to
remove commonwords,andthewordswerestemmedusingPorter’s suffix-strippingalgorithm[25]. Moreover, any
termthatoccursin fewer thantwo documentswaseliminated.

Data Source # of documents # of terms # of classes
fbis FBIS (TREC) 2463 12674 17
hitech SanJoseMercury(TREC) 2301 13170 6
reviews SanJoseMercury(TREC) 4069 23220 5
la1 LA Times(TREC) 3204 21604 6
la2 LA Times(TREC) 3075 21604 6
tr31 TREC 927 10128 7
tr41 TREC 878 7454 10
re0 Reuters-21578 1504 2886 13
re1 Reuters-21578 1657 3758 25
k1a WebACE 2340 13879 20
k1b WebACE 2340 13879 6
wap WebACE 1560 8460 20

%'&)(�* +-,
: .0/)1-1-2�3 465�798)2":;2-<>=":;<?/)<@=)8A:B5C=EDF2�G /)2�:B=A:BH�=ADF2)3JI 5)/�<LK>G /)<M:B=)3JI N)O-K>3JI :B=�3PI 5�NQ7;/)N)KM:BI 5)N�<@R

Thefbisdatasetis from theForeignBroadcastInformationServicedataof TREC-5[31], andtheclassescorrespond
to thecategorizationusedin thatcollection.Thehitech andreviewsdatasetswerederivedfrom theSanJoseMercury
newspaperarticlesthataredistributedas part oftheTRECcollection(TIPSTERVol. 3). Eachoneof thesedatasets
wasconstructedby selectingdocumentsthatarepart ofcertaintopicsin which thevariousarticleswerecategorized
(basedon the DESCRIPTtag). The hitech datasetcontaineddocumentsaboutcomputers,electronics,health,med-
ical, research,andtechnology;andthe reviews datasetcontaineddocumentsaboutfood, movies, music,radio, and
restaurants.In selectingthesedocumentswe ensuredthatno twodocumentssharethesameDESCRIPTtag (which
cancontainmultiple categories).The la1 andla2 datasetswereobtainedfrom articlesof theLos AngelesTimesthat
wasusedin TREC-5[31]. Thecategoriescorrespondto thedeskof thepaperthateacharticleappearedandinclude
documentsfrom the entertainment,financial,foreign, metro,national,andsportsdesks.Datasetstr31 and tr41 are
derivedfrom TREC-5[31], TREC-6[31], andTREC-7[31] collections.Theclassesof thesedatasetscorrespondto
thedocumentsthatwerejudgedrelevant to particularqueries.Thedatasetsre0andre1arefrom Reuters-21578text
categorizationtestcollectionDistribution 1.0 [21]. We divided the labelsinto two setsandconstructeddatasetsac-
cordingly. For eachdataset,weselecteddocumentsthathave asinglelabel.Finally, thedatasetsk1a, k1b, andwapare
from theWebACE project[23, 12,2, 3]. Eachdocumentcorrespondsto a webpagelistedin thesubjecthierarchy of
Yahoo![32]. Thedatasetsk1aandk1bcontainexactly thesamesetof documentsbut they differ in how thedocuments
wereassignedto differentclasses.In particular, k1acontainsafiner-graincategorizationthanthatcontainedin k1b.

5.2 Experimental Methodology and Metrics

For eachoneof the differentdatasetswe obtainedhierarchicalclusteringsolutionsusingthe variouspartitionaland
agglomerativeclusteringalgorithmsdescribedin Sections3 and4. Thequalityof aclusteringsolutionwasdetermined
by analyzingthe entirehierarchicaltreethat is producedby a particularclusteringalgorithm. This is oftendoneby
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usingameasurethattakesinto accounttheoverallsetof clustersthatarerepresentedin thehierarchicaltree.Onesuch
measureis theFScore measure, introducedby [20]. Givena particularclassCr of sizenr anda particularclusterSi

of sizeni , supposenr i documentsin theclusterSi belongto Cr , thentheFScoreof this classandclusteris definedto
be

F
�
Cr � Si � � 2 S R

�
Cr � Si � S P

�
Cr � Si �

R
�
Cr � Si � � P

�
Cr � Si � �

whereR
�
Cr � Si � is the recall valuedefinedasnr i 
 nr , and P

�
Cr � Si � is theprecisionvaluedefinedasnr i 
 ni for the

classCr andthe clusterSi . The FScoreof the classCr , is the maximumFScorevalueattainedat any nodein the
hierarchicalclusteringtreeT . Thatis,

F
�
Cr � � max

Si � T
F
�
Cr � Si � �

The FScoreof the entireclusteringsolution is thendefinedto be the sumof the individual classFScoreweighted
accordingto theclasssize.

FScore �
c

r � 1

nr

n
F
�
Cr � �

wherec is the total numberof classes. A perfectclusteringsolution will be the one in which every classhasa
correspondingclustercontainingthe exactly samedocumentsin the resultinghierarchicaltree, in which casethe
FScorewill beone.In general,thehighertheFScorevalues,thebettertheclusteringsolutionis.

5.3 Comparison of Partitional and Agglomerative Trees

Ourfirst setof experimentswasfocusedon evaluatingthequalityof thehierarchicalclusteringsolutionsproducedby
variousagglomerativealgorithmsandpartitionalalgorithms.For agglomerativealgorithms,nineselectionschemesor
criterionfunctionshave beentestedincludingthesix criterionfunctionsdiscussedin Section3.1,andthethreetradi-
tional selectionschemes(i.e., single-link,complete-linkandUPGMA). We namedthis setof agglomerative methods
directly with the nameof the criterion function or selectionscheme,e.g., “ � 1” meansthe agglomerative clustering
methodwith � 1 asthe criterion function and“UPGMA” meansthe agglomerative clusteringmethodwith UPGMA
as the selectionscheme.We alsoevaluatedvariousrepeatedbisectionalgorithmsusing the six criterion functions
discussedin Section3.1. We namedthis setof partitionalmethodsby addinga letter “p” in front of the nameof
the criterion function, e.g., “p � 1” meansthe repeatedbisectionclusteringmethodwith � 1 asthe criterion function.
Overall,we evaluated15 hierarchicalclusteringmethods.

TheFScoreresultsfor thehierarchicaltreesfor thevariousdatasetsandmethodsareshown in Table2, whereeach
row correspondsto onemethodandeachcolumncorrespondsto onedataset.The resultsin this tableareprovided
primarily for completenessandin orderto evaluatethevariousmethodswe actuallysummarizedtheseresultsin two
ways,oneis by looking at theaverageperformanceof eachmethodover theentiresetof datasets,andtheotheris by
comparingeachpair ofmethodsto seewhich methodoutperformstheotherfor mostof thedatasets.

fbis hitech k1a k1b la1 la2 re0 re1 reviews tr31 tr41 wapT
1 0.643 0.485 0.544 0.816 0.634 0.633 0.590 0.655 0.724 0.795 0.772 0.577U
1 0.624 0.471 0.603 0.844 0.612 0.644 0.581 0.617 0.654 0.796 0.754 0.618V
1 0.629 0.491 0.597 0.872 0.642 0.613 0.603 0.662 0.651 0.818 0.728 0.629V
2 0.637 0.468 0.579 0.858 0.620 0.697 0.585 0.660 0.727 0.789 0.729 0.580W

1 0.592 0.480 0.583 0.836 0.580 0.610 0.561 0.607 0.642 0.756 0.694 0.588W
2 0.639 0.480 0.605 0.896 0.648 0.681 0.587 0.684 0.689 0.844 0.779 0.618

UPGMA 0.673 0.499 0.646 0.892 0.654 0.709 0.584 0.695 0.750 0.816 0.826 0.640
slink 0.481 0.393 0.375 0.655 0.369 0.365 0.465 0.445 0.452 0.532 0.674 0.435
clink 0.609 0.382 0.552 0.764 0.364 0.449 0.495 0.508 0.513 0.804 0.758 0.569
p
T

1 0.623 0.577 0.670 0.891 0.721 0.787 0.618 0.758 0.870 0.858 0.743 0.694
p
U

1 0.668 0.512 0.697 0.872 0.758 0.725 0.639 0.721 0.818 0.892 0.783 0.687
p
V

1 0.686 0.545 0.691 0.889 0.761 0.742 0.628 0.699 0.746 0.877 0.811 0.672
p
V

2 0.641 0.581 0.693 0.902 0.749 0.739 0.632 0.723 0.859 0.873 0.800 0.690
p
W

1 0.702 0.481 0.666 0.876 0.646 0.634 0.626 0.675 0.762 0.769 0.753 0.679
p
W

2 0.681 0.575 0.682 0.882 0.801 0.766 0.633 0.712 0.821 0.893 0.833 0.714

%'&)(�* +-X
: YZH)=�[�.�K>5�3\=)<!7J5)3
:BH�=�8�I 7 7P=�3\=)N�:98)2":;2)<>=�:B<!7J5)3
:;H)=-H)I =)3]2)3\K@H)I K>2�G
K>G /�<^:B=�3PI N�O�<@5)G /":;I 5)N)<L5)_�:B2)I N�=)8AD�I 2QDF2�3JI 5)/)<LH)I =�3\2�3\K>H)I K>2�G>K>G /�<^:B=)3JI N�O

1-=�:BH)5�8)<@R
Thefirst wayof summarizingtheresultsis to averagetheFScorefor eachmethodoverthetwelvedifferentdatasets.
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However, sincethehierarchicaltreequality for differentdatasetsis quitedifferent,we felt thatsuchsimpleaveraging
maydistort theoverall results.For this reason,we usedaveragesof relative FScoresasfollows. For eachdataset,we
dividedtheFScoreobtainedby a particularmethodby thelargestFScoreobtainedfor thatparticulardatasetover the
15methods.Theseratiosrepresentthedegreeto whichaparticularmethodperformedworsethanthebestmethodfor
that particularseriesof experiments.Note that for differentdatasets,the methodthatachieved the besthierarchical
treeasmeasuredby FScoremaybedifferent.Theseratiosarelesssensitive to theactualFScorevalues.Wewill refer
to theseratiosas relativeFScores. Since,higherFScorevaluesarebetter, all theserelative FScorevaluesare less
thanone. Now, for eachmethodwe averagedtheserelative FScoresover thevariousdatasets.A methodthathasan
average relative FScore closeto 1.0will indicatethat this methoddid thebestfor mostof thedatasets.On theother
hand,if theaveragerelativeFScoreis low, thenthismethodperformedpoorly.

Theresultsof the relative FScoresfor varioushierarchicalclusteringmethodsareshown in Table3. Again, each
row of the tablecorrespondsto onemethod,andeachcolumnof the tablecorrespondsto onedataset.The average
relative FScorevaluesareshown in the lastcolumnlabeled“Average”.Theentriesthatareboldfacedcorrespondto
themethodsthatperformedthebest,andtheentriesthatareunderlinedcorrespondto themethodsthatperformedthe
bestamongagglomerativemethodsor partitionalmethods.

fbis hitech k1a k1b la1 la2 re0 re1 reviews tr31 tr41 wap AverageT
1 0.916 0.835 0.780 0.905 0.791 0.804 0.923 0.864 0.832 0.890 0.927 0.808 0.856U
1 0.889 0.811 0.865 0.936 0.764 0.818 0.909 0.814 0.752 0.891 0.905 0.866 0.852V
1 0.896 0.845 0.857 0.967 0.801 0.779 0.944 0.873 0.748 0.916 0.874 0.881 0.865V
2 0.907 0.805 0.831 0.951 0.774 0.886 0.915 0.871 0.836 0.883 0.875 0.812 0.862W

1 0.843 0.826 0.836 0.927 0.724 0.775 0.878 0.801 0.738 0.847 0.833 0.824 0.821W
2 0.910 0.826 0.868 0.993 0.809 0.865 0.919 0.902 0.792 0.945 0.935 0.866 0.886

UPGMA 0.959 0.859 0.927 0.989 0.817 0.901 0.914 0.917 0.862 0.914 0.992 0.896 0.912
slink 0.685 0.676 0.538 0.726 0.461 0.464 0.728 0.587 0.519 0.596 0.809 0.609 0.617
clink 0.868 0.657 0.792 0.847 0.454 0.571 0.775 0.670 0.590 0.900 0.910 0.797 0.736
p
T

1 0.887 0.993 0.961 0.988 0.900 1.000 0.967 1.000 1.000 0.961 0.892 0.972 0.960
p
U

1 0.952 0.881 1.000 0.967 0.946 0.921 1.000 0.951 0.940 0.999 0.940 0.962 0.955
p
V

1 0.977 0.938 0.991 0.986 0.950 0.943 0.983 0.922 0.858 0.982 0.974 0.941 0.954
p
V

2 0.913 1.000 0.994 1.000 0.935 0.939 0.989 0.954 0.987 0.978 0.960 0.966 0.968
p
W

1 1.000 0.828 0.956 0.971 0.806 0.806 0.980 0.890 0.876 0.861 0.904 0.951 0.902
p
W

2 0.970 0.990 0.979 0.978 1.000 0.973 0.991 0.939 0.944 1.000 1.000 1.000 0.980

%'&)(�* +a`
: YZH)=a3\=)G 2�:BI DF=b[�.�K>5�3\=)<c2EDF=)3]2)O�=)8d5EDF=)3e:BH)=a8�I 7 7J=)3\=)N�:A8�2":B2�<>=":B<Q7J5)3F:BH)=aH)I =�3\2�3\K>H)I K>2�GFK>G /�<^:B=)3JI N�Ob<>5�G /":BI 5�N)<�5)_":;2)I N)=�8fD�I 2fDF2)3JI 5)/�<

H)I =�3\2�3\K>H)I K@2)G>K>G /�<^:B=�3PI N�O-1-=�:BH)5�8)<@R
A numberof observationscanbe madeby analyzingthe resultsin Table3. First, the repeatedbisectionmethod

with the � 2 criterion function (i.e., “p � 2”) leadsto thebestsolutionsfor mostof thedatasets.Over theentiresetof
experiments,this methodis eitherthebestor alwayswithin 6% of thebestsolution.On theaverage,thep� 2 method
outperformstheotherpartitionalmethodsandagglomerativemethodsby 2%–8%and7%–37%,respectively. Second,
theUPGMA methodperformsthebestamongagglomerative methodsfollowedby the � 2 method.Thetwo methods
togetherachievedthebesthierarchicalclusteringsolutionsamongagglomerative methodsfor all thedatasetsexcept
re0.On theaverage,theUPGMA and� 2 methodsoutperformtheotheragglomerativemethodsby 5%–30%and2%–
27%,respectively. Third, partitionalmethodsoutperformagglomerative methods.Exceptfor the p� 1 method,each
oneof theremainingfive partitionalmethodson theaverageperformsbetterthanall thenineagglomerative methods
by at least5%. Thep� 1 methodperformsa little bit worsethantheUPGMA methodandbetterthantherestof the
agglomerative methods.Fourth,single-link, complete-linkand � 1 performedpoorly amongagglomerative methods
andp� 1 performedtheworstamongpartitionalmethods.Finally, on theaverage,� 1 and � 2 aretheagglomerative
methodsthat leadto thesecondbesthierarchicalclusteringsolutionsamongagglomerative methods.Whereas,p� 2
andp� 1 are the partitionalmethodsthat leadto the secondbesthierarchicalclusteringsolutionsamongpartitional
methods.

When the relative performanceof differentmethodsis close,the averagerelative FScoreswill be quite similar.
Hence,to make the comparisonsof thesemethodseasier, our secondway of summarizingthe resultsis to createa
dominancematrix for thevariousmethods.As shown in Table4, thedominancematrix is a 15 by 15matrix, where
eachrow or columncorrespondsto onemethodandthe valuein eachentry is the numberof datasetsfor which the
methodcorrespondingto the row outperformsthe methodcorrespondingto the column. For example,the valuein
theentryof the row � 2 andthecolumn � 1 is eight,which meansfor eightout of the twelve datasets,the � 2 method
outperformsthe � 1 method.Thevaluesthatarecloseto twelve indicatethattherow methodoutperformsthecolumn
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T
1

U
1

V
1

V
2

W
1

W
2 UPGMA slink clink p

T
1 p

U
1 p

V
1 p

V
2 p

W
1 p

W
2T

1 0 7 4 6 9 4 1 12 10 2 0 0 1 3 0U
1 5 0 4 5 11 0 0 12 10 2 0 0 0 3 0V
1 8 8 0 8 12 3 2 12 11 1 0 0 0 2 0V
2 6 7 4 0 9 2 1 12 10 1 0 0 0 2 0W

1 3 1 0 3 0 0 0 12 9 0 0 0 0 0 0W
2 8 11 9 10 11 0 3 12 12 3 1 1 0 6 1

UPGMA 11 12 10 11 12 9 0 12 12 3 3 3 2 7 1
slink 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0
clink 2 2 1 2 3 0 0 10 0 1 0 0 0 2 0
p
T

1 10 10 11 11 12 9 9 12 11 0 6 6 4 9 5
p
U

1 12 12 11 12 12 11 9 12 12 6 0 6 5 10 3
p
V

1 12 12 12 12 12 11 9 12 12 6 6 0 5 9 3
p
V

2 11 12 12 12 12 12 10 12 12 8 7 7 0 11 5
p
W

1 9 9 10 10 12 6 5 12 10 3 2 3 1 0 1
p
W

2 12 12 12 12 12 11 11 12 12 7 9 9 7 11 0

%'&)(�* +-g
: hi5�1-I N)2�N)K>=-1-2�:B3JI j?7J5)3
DF2�3PI 5�/)<LH�I =)3]2)3\K>H�I K>2)G>K@G /)<^:B=�3JI N)O-1-=�:BH)5�8)<kR

method.
Similar observationscanbe madeby analyzingthe resultsin Table3. First, partitionalmethodsoutperformag-

glomerative methods. By looking at the left bottom part of the dominancematrix, we can seethat all the entries
arecloseto twelve excepttwo entriesin the row of p� 1, which meanseachpartitionalmethodperformsbetterthan
agglomerativemethodsfor all or mostof thedatasets.Second,by looking at thesubmatrixof thecomparisonswithin
agglomerativemethods(i.e., theleft toppart ofthedominancematrix),wecanseethattheUPGMA methodperforms
thebestfollowedby � 2 and � 1, andslink, clink and � 1 aretheworstsetof agglomerative methods.Third, from the
submatrixof thecomparisonswithin partitionalmethods(i.e., theright bottompart ofthedominancematrix),we can
seethatp� 2 leadsto bettersolutionsthantheotherpartitionalmethodsfor mostof thedatasetsfollowedby p� 2, and
p� 1 performedworsethantheotherpartitionalmethodsfor mostof thedatasets.

5.4 Constrained Agglomerative Trees

Our secondsetof experimentswasfocusedon evaluatingthe constrainedagglomerative clusteringmethods.These
resultswereobtainedby usingthedifferentcriterionfunctionsto find intermediatepartitionalclusters,andthenusing
UPGMA astheagglomerativeschemeto constructthefinal hierarchicalsolutionsasdescribedin Section4.3.UPGMA
wasselectedbecauseit performedthebestamongthevariousagglomerativeschemes.

The resultsof the constrainedagglomerative clusteringmethodsareshown in Table5. Eachdatasetis shown in
a differentsubtable.Therearesix experimentsperformedfor eachdatasetandeachof themcorrespondsto a row.
Therow labeled“UPGMA” containstheFScoresfor thehierarchicalclusteringsolutionsgeneratedby theUPGMA
methodwith oneintermediatecluster, whicharethesamefor all thecriterionfunctions.Therows labeled“10”, “20”,
“n
 40” and“n
 20” containtheFScoresobtainedby theconstrainedagglomerative methodsusing10, 20,n
 40 and
n
 20 partitionalclustersto constrainthesolution,wheren is thetotal numberof documentsin eachdataset.Therow
labeled“rb” containstheFScoresfor thehierarchicalclusteringsolutionsobtainedby repeatedbisectionalgorithms
with variouscriterionfunctions.Theentriesthatareboldfacedcorrespondto themethodthatperformedthebestfor
a particularcriterion function, whereasthe entriesthat areunderlinedcorrespondto the besthierarchicalclustering
solutionobtainedfor eachdataset.

A numberof observationscanbemadeby analyzingtheresultsin Table5. First, for all thedatasetsexcepttr41,the
constrainedagglomerativemethodsimprovedthehierarchicalsolutionsobtainedby agglomerativemethodsalone,no
matterwhatpartitionalclusteringalgorithmis usedto obtainintermediateclusters.Theimprovementcanbeachieved
even with small numberof intermediateclusters. Second,for many cases,the constrainedagglomerative methods
performedeven betterthan the correspondingpartitional methods. Finally, the partitional clusteringmethodsthat
improved theagglomerative hierarchicalresultsthemostarethesamepartitionalclusteringmethodsthatperformed
thebestin termsof generatingthewholehierarchicaltrees.

6 Discussion
The most importantobservation from the experimentalresultsis that partitionalmethodsperformedbetterthanag-
glomerative methods.As discussedin Section4.3,oneof thelimitationsof agglomerative methodsis thaterrorsmay
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fbis hitech
Method

T
1

U
1

V
1

V
2

W
1

W
2 Method

T
1

U
1

V
1

V
2

W
1

W
2

UPGMA 0.673 0.673 0.673 0.673 0.673 0.673 UPGMA 0.499 0.499 0.499 0.499 0.499 0.499
10 0.656 0.659 0.692 0.628 0.709 0.669 10 0.595 0.535 0.568 0.587 0.490 0.583
20 0.658 0.681 0.707 0.681 0.718 0.687 20 0.590 0.556 0.573 0.609 0.517 0.583
nl 40 0.683 0.685 0.693 0.691 0.720 0.704 nl 40 0.554 0.536 0.563 0.578 0.539 0.564
nl 20 0.686 0.699 0.703 0.708 0.721 0.691 nl 20 0.545 0.535 0.543 0.562 0.529 0.561
rb 0.623 0.668 0.686 0.641 0.702 0.681 rb 0.577 0.512 0.545 0.581 0.481 0.575

k1a k1b
Method

T
1

U
1

V
1

V
2

W
1

W
2 Method

T
1

U
1

V
1

V
2

W
1

W
2

UPGMA 0.646 0.646 0.646 0.646 0.646 0.646 UPGMA 0.892 0.892 0.892 0.892 0.892 0.892
10 0.680 0.661 0.653 0.691 0.618 0.677 10 0.911 0.898 0.910 0.926 0.904 0.908
20 0.696 0.673 0.688 0.708 0.633 0.699 20 0.908 0.891 0.908 0.925 0.907 0.903
nl 40 0.694 0.680 0.721 0.724 0.649 0.700 nl 40 0.918 0.896 0.915 0.936 0.893 0.903
nl 20 0.692 0.683 0.710 0.714 0.669 0.722 nl 20 0.897 0.896 0.907 0.928 0.876 0.899
rb 0.670 0.697 0.691 0.693 0.666 0.682 rb 0.891 0.872 0.889 0.902 0.876 0.882

la1 la2
Method

T
1

U
1

V
1

V
2

W
1

W
2 Method

T
1

U
1

V
1

V
2

W
1

W
2

UPGMA 0.654 0.654 0.654 0.654 0.654 0.654 UPGMA 0.709 0.709 0.709 0.709 0.709 0.709
10 0.736 0.704 0.707 0.743 0.629 0.806 10 0.712 0.719 0.714 0.740 0.672 0.759
20 0.747 0.712 0.709 0.728 0.665 0.798 20 0.794 0.735 0.731 0.783 0.741 0.765
nl 40 0.737 0.763 0.696 0.729 0.699 0.783 nl 40 0.792 0.772 0.725 0.789 0.738 0.787
nl 20 0.722 0.730 0.678 0.737 0.695 0.768 nl 20 0.763 0.737 0.738 0.792 0.764 0.794
rb 0.721 0.758 0.761 0.749 0.646 0.801 rb 0.787 0.725 0.742 0.739 0.634 0.766

re0 re1
Method

T
1

U
1

V
1

V
2

W
1

W
2 Method

T
1

U
1

V
1

V
2

W
1

W
2

UPGMA 0.584 0.584 0.584 0.584 0.584 0.584 UPGMA 0.695 0.695 0.695 0.695 0.695 0.695
10 0.622 0.632 0.624 0.650 0.611 0.629 10 0.713 0.741 0.730 0.723 0.714 0.731
20 0.631 0.639 0.616 0.646 0.614 0.632 20 0.719 0.735 0.728 0.728 0.708 0.724
nl 40 0.639 0.641 0.626 0.657 0.586 0.635 nl 40 0.713 0.723 0.753 0.715 0.714 0.719
nl 20 0.633 0.642 0.626 0.645 0.634 0.645 nl 20 0.735 0.714 0.754 0.708 0.702 0.739
rb 0.618 0.639 0.628 0.632 0.626 0.633 rb 0.758 0.721 0.699 0.723 0.675 0.712

tr31 tr41
Method

T
1

U
1

V
1

V
2

W
1

W
2 Method

T
1

U
1

V
1

V
2

W
1

W
2

UPGMA 0.816 0.816 0.816 0.816 0.816 0.816 UPGMA 0.826 0.826 0.826 0.826 0.826 0.826
10 0.862 0.893 0.897 0.878 0.828 0.897 10 0.770 0.797 0.809 0.789 0.863 0.807
20 0.882 0.894 0.895 0.866 0.839 0.896 20 0.821 0.811 0.799 0.815 0.858 0.848
nl 40 0.896 0.894 0.891 0.881 0.847 0.853 nl 40 0.805 0.824 0.813 0.821 0.842 0.849
nl 20 0.839 0.894 0.894 0.843 0.874 0.853 nl 20 0.818 0.782 0.793 0.802 0.802 0.839
rb 0.858 0.892 0.877 0.873 0.769 0.893 rb 0.743 0.783 0.811 0.800 0.753 0.833
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UPGMA 0.750 0.750 0.750 0.750 0.750 0.750 UPGMA 0.640 0.640 0.640 0.640 0.640 0.640
10 0.870 0.854 0.844 0.866 0.817 0.851 10 0.696 0.685 0.684 0.679 0.639 0.658
20 0.871 0.847 0.846 0.867 0.815 0.850 20 0.677 0.705 0.694 0.672 0.640 0.672
nl 40 0.873 0.855 0.847 0.859 0.824 0.852 nl 40 0.693 0.700 0.700 0.686 0.656 0.696
nl 20 0.862 0.852 0.849 0.858 0.828 0.852 nl 20 0.708 0.703 0.689 0.709 0.672 0.700
rb 0.870 0.818 0.746 0.859 0.762 0.821 rb 0.694 0.687 0.672 0.690 0.679 0.714
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beintroducedduringtheinitial mergingdecisions,especiallyfor thecasesin whichtherearealargenumberof equally
goodmerging alternativesfor eachcluster. Without a high-level view of theoverall clusteringsolution,it is hardfor
agglomerative methodsto make theright decisionin suchcases.Sincetheerrorswill becarriedthroughandmaybe
multiplied astheagglomerationprogresses,theresultinghierarchicaltreessuffer from thoseearlystageerrors.This
observationis alsosupportedfrom theexperimentalresultswith theconstrainedagglomerativealgorithms.Wecansee
in thiscasethatonceweconstrainthespaceoverwhichagglomerationdecisionsaremade,evenwith smallnumberof
intermediateclusters,someearlystageerrorscanbeeliminated.As aresult,theconstrainedagglomerativealgorithms
improvedthehierarchicalsolutionsobtainedby agglomerativemethodsalone.Sinceagglomerativemethodscandoa
betterjob of groupingtogetherdocumentsthatform smallandreasonablycohesive clustersthanpartitionalmethods,
theresultinghierarchicalsolutionsby theconstrainedagglomerative methodsarealsobetterthanpartitionalmethods
alonefor many cases.

Anothersurprisingobservationfrom theexperimentalresultsis that � 1 andUPGMA behaveverydifferently. Recall
from Section4.1 that the UPGMA methodselectsto merge the pair of clusterswith the highestaveragepairwise
similarity. Hence,to someextent,via theagglomerationprocess,it tries to maximizetheaveragepairwisesimilarity
betweenthedocumentsof thediscoveredclusters.On theotherhand,the � 1 methodtriesto find a clusteringsolution
thatmaximizesthesumof theaveragepairwisesimilarity of thedocumentsin eachcluster, weightedby thesize of
thedifferentclusters.Thus, � 1 canbeconsideredasthecriterion function thatUPGMA tries to optimize. However,
ourexperimentalresultsshowedthat � 1 performedsignificantlyworsethanUPGMA.

By looking at the FScorevaluesfor eachindividual class,we found that for mostof the classes� 1 canproduce
clusterswith similar quality asUPGMA. However, � 1 performedpoorly for a few largeclasses.For thoseclasses,� 1
prefersto first merge in a loosesubclusterof a differentclass,beforeit mergesa tight subclusterof the sameclass.
This happenseven if the subclusterof the sameclasshashighercrosssimilarity thanthe subclusterof the different
class.This observationcanbeexplainedby thefact that � 1 tendsto mergelooseclustersfirst, which is shown in the
restof this section.

Fromtheir definitions,thedifferencebetween� 1 andUPGMA is that � 1 takesinto accountthecrosssimilarities
aswell asinternalsimilaritiesof theclustersto bemergedtogether. Let Si andSj betwo of thecandidateclustersof
sizeni andn j , respectively, alsolet { i and { j betheaveragepairwisesimilarity betweenthedocumentsin Si andSj ,
respectively (i.e., { i � Ci

tCi and { j � C j
tC j ), andlet | i j betheaveragecrosssimilarity betweenthedocumentsin

Si andthedocumentsin Sj (i.e., | i j � Di
t D j

ni n j
). UPGMA’smergingdecisionsarebasedonly on | i j . Ontheotherhand,

� 1 will merge thepair of clustersthatoptimizestheoverall objective functions. Thechangeof theoverall objective
functionaftermerging two clustersSi andSj to obtainclusterSr is givenby,

} � 1 � � Dr � 2

nr
� � Di � 2

ni
� � D j � 2

n j
� nr { r � ni { i � n j { j

� �
ni � n j �

n2
i { i � n2

j { j � 2ni n j | i j�
ni � n j � 2 � ni { i � n j { j � ni n j

ni � n j

�
2| i j �~{ i ��{ j � � (13)

FromEquation13,wecanseethatsmaller{ i and { j valueswill resultin greater
} � 1 values,whichmakeslooser

clusterseasierto bemergedfirst. For example,considerthreeclustersS1, S2 andS3. S2 is tight (i.e., { 2 is high)andof
thesameclassasS1, whereasS3 is loose(i.e., { 3 is low) andof adifferentclass.SupposeS2 andS3 havesimilarsize,
whichmeansthevalueof

} � 1 will bedeterminedmainlyby
�
2| i j ��{ i ��{ j � , thenit is possiblethat

�
2| 13 ��{ 1 ��{ 3 �

is greaterthan
�
2| 12 ��{ 1 ��{ 2 � because{ 3 is lessthan { 2, evenif S2 is closerto S1 thanS3 (i.e., | 12 � | 13). As a

result,if two classesarecloseandof differenttightness,� 1 maymergesubclustersfrom eachclasstogetherat early
stagesandfail to form propernodesin theresultinghierarchicaltreecorrespondingto thosetwo classes.

7 Concluding Remarks
In the paperwe experimentallyevaluatednine agglomerative algorithmsandsix partitionalalgorithmsto obtainhi-
erarchicalclusteringsolutionsfor documentdatasets.We also introduceda new classof agglomerative algorithms
by constrainingtheagglomerationprocessusingclustersobtainedby partitionalalgorithms.Our experimentalresults
showedthatpartitionalmethodsproducedbetterhierarchicalsolutionsthanagglomerative methods,andthatthecon-
strainedagglomerative methodsimproved the clusteringsolutionsobtainedby agglomerative or partitionalmethods
alone. Theseresultssuggestthat the poor performanceof agglomerative methodsmay be attributedto the merging
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errorsthey makeduringearlystages,which canbeeliminatedto someextentby introducingpartitionalconstrains.
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